In this paper, we present an evaluation study of a set of registration strategies for the alignment of sequences of 3D dynamic contrast-enhanced magnetic resonance breast images. The accuracy of the optimal registration strategies was determined on unseen data. The evaluation is based on the simulation of physically plausible breast deformations using finite element methods and on contrast-enhanced image pairs without visually detectable motion artifacts. The configuration of the finite element model was chosen according to its ability to predict in vivo breast deformations for two volunteers. We computed transformations for ten patients with 12 simulated deformations each. These deformations were applied to the postcontrast image to model patient motion occurring between pre-and postcontrast image acquisition. The original precontrast images were registered to the corresponding deformed postcontrast images. The performance of several registration configurations ͑rigid, affine, B-spline based nonrigid, single-resolution, multi-resolution, and volumepreserving͒ was optimized for five of the ten patients. The images were most accurately aligned with volume-preserving single-resolution nonrigid registration employing 40 or 20 mm control point spacing. When tested on the remaining five patients the optimal configurations reduced the average mean registration error from 1.40 to 0.45 mm for the whole breast tissue and from 1.20 to 0.32 mm for the enhancing lesion. These results were obtained on average within 26 ͑81͒ min for 40 ͑20͒ mm control point spacing. The visual appearance of the difference images from 30 patients was significantly improved after 20 mm volume-preserving single-resolution nonrigid registration in comparison to no registration or rigid registration. No substantial volume changes within the region of the enhancing lesions were introduced by this nonrigid registration.
I. INTRODUCTION
Dynamic contrast-enhanced magnetic resonance ͑DCE MR͒ mammography is based on obtaining MR images before and after the injection of contrast agent into the bloodstream. Breast cancer malignancies can be detected in vivo by their increased vascularity and increased vascular permeability, 1 causing a rapid rise in the intensity of DCE MR mammograms. Unfortunately, a considerable proportion of benign lesions also enhances. The rate and amount of the enhancement, the characteristics of the intensity changes after peak enhancement, and the shape and texture of the enhancing region need to be taken into account if the specificity of this diagnostic test is to be improved. 2 The detailed quantitative analysis of the intensity changes over time, as well as the analysis of shape and texture, relies on the accurate alignment of the whole dynamic image sequence. Patient movement during acquisition can result in blurring or ghosting artifacts, while movement between acquisitions or movement manifesting itself over acquisitions will cause corresponding structures to be in a different position. This study is concerned with removing the latter type of artifacts, which we refer to as motion artifacts and which we have found to constitute greater problems when analyzing image sequences. One reason for this is that blurring and ghosting artifacts within the breast or the axillas from cardiac and respiratory motion can be avoided by choosing a coronal or sagittal image plane and by imaging the patient in the prone position. Furthermore, each image is acquired over a short time frame, and the likelihood of motion during a scan tends to increase with scan duration. While some fixation of the breast during acquisition is certainly helpful in reducing motion artifacts, a strong compression of the breast would alter the dynamics of the contrast-agent uptake and hence is not advisable. Moreover, this fixation would only slightly reduce local artifacts introduced by pectoral muscle movement, which is a frequently observed phenomenon.
Motion artifacts can have an appearance similar to enhancements, and radiologists are faced with the problem of distinguishing these from intensity changes caused by contrast agent. Slight motion may not impair the interpretation of large lesions if radiologists carefully study the original images. But, for small lesions, detectability is limited and quantitative evaluation becomes unreliable. In the case of substantial motion, reading becomes impossible and the acquisition of DCE MR mammograms has to be repeated. Computer-aided detection and diagnosis methods are likely to rely on accurate image alignment even more than human observers.
Previously, an algorithm has been devised for the nonrigid registration of images 3 and applied to DCE MR mammograms. It was shown that this registration method significantly improved the quality of the pre-and postcontrast difference image as judged by radiologists. 4 Generally, nonrigid registration algorithms can change the volume of structures seen in images. While this provides a necessary requirement for intersubject registration or for studying the development of an individual over time ͑e.g., disease progression, response to treatment, etc.͒, such volume changes are highly unlikely during a single DCE MR mammography acquisition since no significant change in external force is applied to the breast, and the gap between image acquisitions is short. Previously, we have evaluated the volume change associated with nonrigid registration of 15 contrast enhancing breast lesions 5 and found volume shrinkage or expansion of up to 20%. Volume changes can be reduced by imposing a locally rigid transformation, 5, 6 by introducing a volume-preserving regularization term to the registration's optimization scheme, [7] [8] [9] or by constraining the admissible transformations. 10 The question remains, nevertheless, how to measure the residual registration error since no ground truth is available.
A large number of automatic registration algorithms for DCE MR mammography have been reported since 1995. 3, [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] Evaluation of the quantitative performance of these algorithms has, to date, been almost nonexistent. The method of choice so far has been visual assessment, but this is not possible in regions of contrast enhancement. Other assessments of performance have relied on simulated deformations which were unrealistic 12, 16, 22 and neglected the intensity change due to the injection of contrast agent. 12, 22 Analysis of the similarity measure itself does not constitute an evaluation. 23 Without quantitative evaluation, the routine clinical use of image, registration is rather limited.
Recently, we presented a novel evaluation method for nonrigid image registration. It is based on applying the registration to misaligned images, generated from plausible deformations simulated by biomechanical models using finite element methods ͑FEM͒. Realistic contrast changes as well as ghosting and blurring artifacts are achieved by selecting contrast-enhanced image pairs without visually detectable motion artifacts for misalignment. The methodology was described in Schnabel et al., 26 but the evaluation itself was not attempted and that is the subject of this paper. We have assessed the ability of biomechanical breast models to predict the position of internal breast structures for in vivo breast compressions by about 20% for two volunteers and a suitable model configuration was chosen accordingly. 27, 28 In this evaluation study, we generated misaligned images for ten patients employing a suitable biomechanical configuration and contrast-enhanced images without visually detectable motion artifacts. The optimal registration protocols for DCE MR mammography were then determined using the misaligned images of five patients ͑training set͒. Subsequently, the expected registration accuracy was estimated from an independent test set consisting of images from the other five patients. Additionally, we evaluated the sensitivity of the registration results to various factors. This showed that the evaluation method 26 can be used to optimize the registration parameters and can provide beneficial insights into the registration problem. Finally, the applicability of one of the optimal registration configurations to images with real motion artifacts was demonstrated. Preliminary results of this work have been presented previously 29, 30 and a subset of the data has been used to assess the accuracy of a fluid-based registration method for unenhanced MR image pairs.
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II. MATERIALS AND METHODS
A. Datasets
For the quantitative evaluation, we selected the ten of 147 symptomatic patients where no motion between image acquisitions was visible. Four of these were chosen from 67 patients from the Guy's and St. Thomas' Hospital Trust. The remaining six patients came from 80 participants in the UK MR breast screening study ͑MARIBS͒. 32 The images have been acquired with a 3D gradient echo sequence on various 1.5 T MR systems with TR= 20 ms, TE= 5.2 ms, flip angle =45
‫ؠ‬ ͑patients 1-4͒ or TR= 12 ms, TE= 5 ms, flip angle =35 ‫ؠ‬ ͑patients 5-10͒. The voxel dimensions are 1.37ϫ 1.37 ϫ 4.2 mm 3 ͑patients 1,3,4͒, 1.48ϫ 1.48ϫ 4.2 mm 3 ͑patient 2͒, and 1.33ϫ 1.33ϫ 2.5 mm 3 ͑patients 5-10͒. The slice orientation is axial ͑patients 1-4͒ or coronal ͑patients 5-10͒. Example slices of the intensity difference of the unregistered images are shown in Fig. 1 , where images of patients 5-10 were reformatted to have an axial slice direction for better visual comparison.
For the qualitative assessment, we randomly selected 30 patients from 44 symptomatic MARIBS patients with avail-able segmentations of histologically proven lesion. Excluding cases used in the quantitative analysis, this dataset consisted of 58 breasts and 38 lesions ͑7 ϫ 2 lesions, 24ϫ 1 lesion, 27ϫ 0 lesion͒. Two patients had single, bilateral lesions.
B. Biomechanical breast models
The evaluation of the registration method is based on creating a practical gold standard transformation by simulating plausible breast deformation using biomechanical breast models based on finite element methods. 26 Ten pre-and postcontrast image pairs, which showed no motion by visual inspection, were selected from 147 symptomatic patients as described in Sec. II A.
The images were first corrected for intensity nonuniformity using the nonparametric nonuniform intensity normalization method ͑N3͒ algorithm, 33 which iteratively searches for a smooth, multiplicative bias field that sharpens the histogram of the image. The images were then manually segmented into fat, fibroglandular tissue, and enhancing lesion using an interactive tool in ANALYZE ͑Biomedical Imaging Resource, Mayo Foundation, Rochester, MN͒. The outside surface of the breasts and of the enhancing lesions were then triangulated via THE VISUALIZATION TOOLKIT 34 at a scale of 8.4 to 12.5 mm for the breasts and 4.2 to 7.5 mm for the enhancing lesions, such that the limit of available elements was not exceeded during the meshing stage. The surfaces were meshed into 10-noded tetrahedrals employing the Delaunay technique mesher from the ANSYS FEM package, 35 resulting in 9.5ϫ 10 4 nodes and 6.8ϫ 10 4 elements on average. Each element was labeled with the appropriate material property in accordance with the image segmentation.
The individual tissue types were modeled as isotropic, linear materials with a Young's modulus 47 of 1, 1.5, and 3.6 kPa for fat, fibroglandular tissue, and enhancing lesion, respectively. This was in accordance with Saravazyan et al. 36 and in agreement with our assessment of in vivo deformations, where the accuracy was not improved by employing nonlinear hyperelastic material models and a finite strain formulation when using displacement boundary conditions. 28 A Poisson's ratio of 0.495 was chosen to enforce approximate incompressibility of the tissue.
Breast deformations were also created for a nonlinear material model in order to assess the sensitivity of the registration result to the material model. The nonlinear model used the following relationships between Young's modulus E in kPa and strain e : E = 718.16e + 4.46 if 0 Յ e Ͻ 0.25 and E = 184 if e Ն 0.25 for fat, 37 E = 15.1 exp͑10.0e͒ for fibroglandular tissue, 37 and E = 37.9 exp͑19.9e͒ for the enhancing lesion to model infiltrating ductal carcinoma. 38 The same Young's modulus was used for compression as for tension, i.e., E͑−e͒ = E͑e͒.
C. Simulation of breast deformations
Twelve deformations ͑6 deformation scenarios ϫ2 deformation magnitudes͒ were generated for each patient using surface displacement boundary conditions. The six deformation scenarios were "regional displacement" simulating a uniform displacement on one side of the breast, "point puncture" imitating a deformation during biopsy, "one-sided contact" modeling a deformation of the breast when pushed against the breast coil, "two-sided contact" simulating the gentle fixation of the breast between two plates, "tension" imitating the deformation caused by the contraction of the pectoral muscle, and "relaxation" modeling the transformation from a contracted to a resting pectoral muscle. The most frequently observed deformations during MR mammography are tension and relaxation. We have studied the surface displacements of a typical tension and a typical relaxation case. We imitated these by displacements of posterior surface nodes in the posterior or anterior direction with distorted ellipsoidal contours in the axial plane as illustrated in Fig. 2 . Relaxation was simulated as a slender and more distorted shape than tension. No movement of the pectoral muscle was assumed for the other four scenarios. This was simulated by applying zero displacements to all posterior surface nodes. The remaining displacement boundary conditions are described by assuming that the x-axis is in the medial to lateral direction, that the z-axis is in the posterior to anterior direction, that z represents a manually selected z position, that p x refers to the maximum x position of all nodes lying anterior to z , and that m stands for the deformation magnitude. Regional displacement was simulated by displacing the surface nodes, which are within the wedge-shaped region rection by m. Point puncture was modeled by displacing a manually selected, lateral surface node in the medial direction by m. One-sided contract was modeled by displacing the surface nodes, which are within the box-shaped region
Two-sided contact was simulated by applying one-sided contact to the lateral and medial side. Two magnitudes of displacement were simulated for each deformation scenario, "Large" simulated the largest observed deformations ͑excluding global patient movements͒ during a normal DCE MR mammography session by inducing displacements up to 10 mm magnitude. "Common" imitated the more frequently observed deformation magnitudes with displacements up to 5 mm; see Fig. 3 .
For these boundary conditions, the biomechanical breast models were solved using ANSYS. 35 A continuous displacement field within the FEM mesh was produced by interpolation using 10-noded tetrahedral elements with quadratic shape functions. 39 This field was applied to the postcontrast image to simulate deformations between pre-and postcontrast images. Image intensities were interpolated using a truncated sinc interpolation kernel ͑von Hann, radius 6͒. 40 Locations outside the FEM mesh were generally masked out since no deformation information is available at these locations. The exception was a sensitivity test, where FEM deformed postcontrast images with background were created by employing a scattered data interpolation technique 41 based on a multilevel B-spline hierarchy for the background. The intensities within the FEM mesh were kept as before. Example slices from the difference images after applying these deformations are shown in Fig. 4 .
D. Registration
The nonrigid registration tested in this study was based on the multi-resolution free-form deformation ͑FFD͒ approach employing B-spline subdivision as described in Rueckert et al. 3 Global motion is first corrected by using a rigid transformation. Local motion is then modeled by FFDs based on B-splines where the object is deformed by manipulating an underlying mesh of control points. Starting from a coarser mesh to account for the larger deformations, the mesh is subdivided at each resolution to give the FFDs more local flexibility. At any stage, the transformation T between the images A and B can be described as the sum of the global 3D rigid transformation T g and the local FFD transformation T l , i.e., T͑x͒ = T g ͑x͒ + T l ͑x͒. This transformation maps the position x = ͑x , y , z͒ in A to the corresponding position T͑x͒
In this evaluation we apply the volume-preserving regularization term suggested by Rohlfing et al. 9 The local volume change at position x after applying the transformation T can be calculated by the determinant of the Jacobian, i.e.,
The volume preservation regularization term 9 is then given by the mean absolute logarithm of the determinant of the Jacobian at the control point positions, i.e.,
for a mesh of n x ϫ n y ϫ n z of control points with spacing ␦ x ϫ ␦ y ϫ ␦ z . Note that volume shrinkage and expansion are equally penalized by ͑2͒. The transformation T is then found by minimizing the registration cost function,
where C sim denotes the image similarity measure and represents a scalar constant, termed the volume-preserving weight value, which balances the two objectives. Masked-out regions were excluded from the computation of C sim , but did not influence the number of free transformation parameters.
We assessed in this study the performance of the registration strategies described in Table I . The registrations were performed over the image region of either the right breast FIG. 2. Illustration of breast surface displacements due to the tension of the pectoral muscle for two right breasts ͑a͒ Observed displacements in the posterior direction ͑black: 7 mm, white: −2 mm͒ with illustration of the pectoralis-major location ͑b͒ Principal shape of the contours of the displacements in posterior direction used to model a deformation as observed in ͑a͒. ͑c͒ Displacements in posterior direction when simulating common tension for a different breast ͑black: 5 mm, white: −1 mm͒. ͑patients 2, 4, 5, 6, and 9͒ or the left breast ͑patients 1, 3, 7, 8, and 10͒ depending on the location of the lesion, with an average region of interest of 5.15ϫ 10 6 mm 3 or 0.98 million voxels. We registered the precontrast images to the FEM deformed postcontrast images to avoid any further interpolation of the latter.
E. Error quantification
A key aspect of the evaluation method is that the accuracy of the registration can be quantified with respect to the FEM displacement at each voxel position. The degree of alignment between two corresponding points after registration is described by the target registration error ͑TRE͒. 42 Traditionally, TRE is calculated at anatomical landmarks. In the case of FEM simulated deformations, the correspondence can be estimated at every position within the FEM mesh. We therefore calculate a more evenly sampled error by computing TRE at all voxel positions x within a region R,
where T F2 denotes the FEM-transformation mapping any position in the postcontrast image I 2 into the deformed postcontrast image I F and ʈ · ʈ 2 represents the Euclidean norm. Transformation T 1F is obtained from the registration of the precontrast image I 1 to I F . Equation ͑4͒ assumes that no motion has occurred between I 1 and I 2 .
TRE distributions were calculated for two regions of interest, namely the whole breast tissue ͑TRE B ͒ and the enhancing lesion ͑TRE L ͒ in order to evaluate two registration objectives. One registration aim is to remove motion artifacts within the whole breast tissue to help in the detection of enhancing lesions. The other objective is to accurately align the enhancing lesion to facilitate the lesion's classification. TRE R , the TRE distribution of a single experiment for region R, was described by its mean ͑mean TRE R ͒ and its 95th percentile ͑95% TRE R ͒. The registration performance for a set of experiments was summarized by computing the mean of all the mean TREs obtained for each experiment ͓mean͑mean TRE R ͔͒ and by calculating the mean of all the 95th percentile TREs obtained for each experiment ͓mean͑95% TRE R ͔͒.
F. Selecting the optimal registration strategies
The knowledge of the applied FEM transformation not only provides a means to assess the accuracy of a registration method, but also the opportunity to select the optimal registration parameters, where optimal means with respect to our evaluation method. For this purpose, the first five image sequences we accepted as having visually no detectable motion artifacts were assigned to the training set ͑called patients 1, 2, 5, 6, and 7͒. The next five selected patients were assigned to the test set ͑patients 3, 4, 8, 9, and 10͒. The optimal registration setup was determined as follows.
First, we compared the results of registrations optimized only with respect to one of six voxel-based image similarity measures ͓C sim in Eq. ͑3͒, =0͔, namely sum of squared differences, cross correlation, correlation ratio, 43 joint entropy, mutual information, and normalized mutual information, 44 for the training set. The best similarity measure of this comparison was used for all further registrations.
Second, the four TRE sample quantities ͓mean͑mean TRE B ͒, mean͑95% TRE B ͒, mean͑mean TRE L ͒, and mean͑95% TRE L ͔͒ were calculated for the 74 registration configurations listed in Table I from all 60 cases ͑5 patients ϫ12 FEM deformations as described in Sec. II C͒ of the training set. The 95% confidence intervals of these TRE sample quantities were then approximated by bootstrapping. 45 For each registration configuration and each TRE sample quantity, this involved the following steps: ͑1͒ sample, with replacement, 60 values from the 60 results ͑e.g., 95% TRE B ͒; ͑2͒ calculate the mean of these 60 samples; ͑3͒ repeat steps ͑1͒-
FIG. 4. Example slices
showing the difference of the pre-and postcontrast images after FEM deformation for ͑a͒ the training set and ͑b͒ the test set. The applied deformations were from left to right for ͑a͒ large regional displacement, common one-sided contact, large two-sided contact, common relaxation, large tension; and for ͑b͒ common regional displacement, large one-sided contact, common point puncture, large relaxation, and common tension.
͑2͒ 5000 times; and ͑4͒ approximate the 95% confidence interval by the 2.5% and the 97.5% of this distribution of 5000 mean values.
Finally, the optimal registration strategies were determined on the basis of accepting results which had overlapping 95% confidence intervals with the lowest TRE sample quantities.
G. Evaluation on test data
The errors computed for the optimal registration strategies on the training data will generally be an underestimate of the expected errors on unseen data. Thus, we determined the expected registration error for similar breast deformations by applying the optimal registration strategies to misaligned images of the five patients from the test set.
H. Sensitivity of results
The sensitivity of the results to the partitioning of the data into training set and test set was examined by exchanging these sets.
We assessed the sensitivity of the registration results to seven factors, namely the patient, the image enhancement, the material model, the deformation scenario, the deformation magnitude, the registration type, and the volumes preserving weight value. The analysis was based on the modelfree sensitivity index S i , which measures the average reduction in variance of TRE for sample quantity Y when fixing individual factors F i . S i is given by 46 We tested the effect that including the image content outside the FEM mesh had on the registration results by registering precontrast images to FEM deformed postcontrast images with background.
I. Analysis of registration error
Valuable insight about causes of registration errors can be gained by inspecting the spatial distribution of the target registration error. Furthermore, we studied the influence of the image contrast change on the registration accuracy. This analysis was based on comparing the results of registering three types of source images to the FEM deformed postcontrast image ͑I F ͒. The source images were the original precontrast image ͑I 1 ͒, a simulated precontrast image ͑I 1b ͒ generated by linearly blending the intensities of the precontrast lesion into the postcontrast image before adding noise, or the postcontrast image with added noise ͑I 2n ͒. Example slices of the difference between the postcontrast image I 2 and these source images are shown in Fig. 5 .
J. Qualitative assessment
The calculation of the target registration error assumes that the original image pair is in alignment. Therefore, only the very small proportion of image pairs without visible motion artifacts is suitable for this quantitative registration assessment. A qualitative assessment was additionally performed in order to demonstrate that the optimal registration configuration, as determined during the quantitative assessment, is applicable to cases with real motion artifacts. This assessment was based on ranking the visual appearance of the pre-and postcontrast difference images after applying no registration, rigid registration, and one of the optimal registration configurations. Images with lesion segmentations were selected such that the volume change of enhancing lesions can be determined.
Note that an assessment purely based on the visual appearance of these difference images has shown to be misleading, since errors due to implausible volume changes were not noticed. 4 ,5 Hence, we performed a qualitative as- sessment for a registration configuration, which has already been shown to keep implausible deformations to a minimum.
III. RESULTS
We investigated the registration performance of the registration strategies listed in Table I . The registration performance was assessed by calculating the target registration error ͑TRE͒ at each voxel with respect to the simulated breast deformation. TRE error distributions were summarized by the four sample quantities mean͑mean TRE B ͒, mean͑95% TRE B ͒, mean͑mean TRE L ͒, and mean͑95% TRE L ͒ as described in Sec. II E.
A. Selecting the optimal registration strategies
We conducted registrations for the datasets from five patients with 12 FEM simulations ͑as described in Sec. II C͒ for each patient. These 60 pairs of deformed images we called the training set.
First, we assessed the influence of the image similarity measure on the registration results for the training set; see Fig. 6 . Severe registration errors ͓mean͑mean TRE B ͒ Ͼ 65 mm͔ occurred with sum of squared differences ͑SSD͒ and Joint Entropy ͑JE͒ for FFD registrations with 40 and 60 mm control point spacing, respectively. Two outliers ͓mean͑mean TRE B ͒ Ͼ 1753 mm͔ caused these high errors for SSD, while 29 cases ͓mean͑mean TRE B ͒ Ͼ 262 mm͔ contributed to the high errors for JE. The remaining cases achieved a mean͑mean TRE B ͒ of 0.87 mm ͑0.75 mm͒ for SSD ͑JE͒. The misalignment of the enhancing lesion increased substantially with sum of squared differences, cross correlation, and correlation ratio for 10 and 5 mm FFD registrations. Smallest TRE sample quantities were always achieved with mutual information ͑MI͒ or normalized mutual information ͑NMI͒.
Results were generally better for NMI than for MI ͑mean improvement 0.03 mm, range ͓−0.02, 0.22͔ mm͒. NMI was therefore used for any further registrations.
Second, the four TRE sample quantities were calculated for all 74 registration configurations listed in Table I and for all cases of the training set. The results are depicted graphically in Fig. 7 . It can be seen that volume preservation was more important for FFD registrations with finer control point spacing and for the region of the enhancing lesion. We obtained 11 optimal registration configurations when accepting results which had overlapping 95% confidence interval with the lowest TRE sample quantities. These were 40 mm singleresolution FFD registration with ͓0.0, 0.8͔ and 20 mm single-resolution FFD registration with ͓0.7, 0.8͔. These configurations reduced the mean registration error for the training set from 1.52 to 0.48 mm for the whole breast tissue and from 1.94 to 0.35 mm for the enhancing lesion. In comparison, affine registration reduced these values to 0.56 and 0.44 mm, respectively.
Volume-preserving FFD registrations with finer control point spacings ͑20 mm single resolution with ͓0.7, 0.8͔͒ produced generally better results for the whole breast tissue, for large deformations, or for severe deformations ͑one-sided contact, two-sided contact, tension͒. The enhancing lesions, small deformations, or smooth global deformations ͑point puncture, relaxation, regional displacement͒ were mostly best aligned with 40 mm control point spacing ͑ ͓0 , 0.8͔͒. Figure 4͑a͒ shows examples of motion artifacts introduced by the FEM simulated deformations. These artifacts were greatly reduced after employing the registration configuration with the lowest mean͑95% TRE B ͒ for the larger deformations ͓Fig. 8͑a͔͒. Some local registration failures at highly deformed regions can be observed for the configuration achieving the lowest registration errors for the whole FIG. 6 . Influence of the image similarity measure on the mean target registration error ͑TRE͒ for all cases from the training set. The registrations were only optimized with respect to the image similarity ͑i.e., = 0; see Table I͒ . The horizontal line labeled "Not reg." show the initial error. The seven bars for each registration configuration depict from left to right the results for sum of squared difference, cross correlation, correlation ratio ͑A ͉ B T ͒, correlation ratio ͑B T ͉ A͒, joint entropy, mutual information, and normalized mutual information. Results were obtained for the whole breast tissue ͑left͒ and for the region of the enhancing lesion ͑right͒.
breast tissue ͓Fig. 8͑b͔͒. These are further increased by the configuration providing the lowest mean͑95% TRE L ͒ ͓Fig. 8͑c͔͒. Yet, it is harder, if not impossible, to detect visually the more accurate alignment of the enhancing lesion in Fig. 8͑c͒ , since the true lesion enhancement pattern is unknown. Figure 9 shows example slices after registering the test set for the same registration configurations as in Fig. 8 . Applying the 11 optimal registration configurations to the test set reduced mean registration errors from 1.40 to 0.45 mm for the whole breast tissue and from 1.20 to 0.32 mm for the enhancing lesion. In comparison, affine registration reduced these values to 0.55 and 0.44 mm. Average 95th percentile registration errors improved at the same time from 3.00 to 1.10 mm for the whole breast tissue and from 1.63 to 0.46 mm for the enhancing lesion. Affine registration reduced these values to 1.27 and 0.57 mm, respectively.
B. Evaluation on test data
C. Sensitivity of results
The same 11 optimal registration configurations were selected when exchanging the training and test set. FIG. 7 . Performance of the registration configurations described in Table I . ͑Top͒ Average of mean target registration errors ͑TREs͒ for all cases from the training set. ͑Bottom͒ Average of the 95th percentile TREs for all cases from the training set. Results were obtained for the whole breast tissue ͑left͒ and for the region of the enhancing lesion ͑right͒. The sensitivity of the TRE sample quantities was assessed with respect to five patients from the training set, three source images ͑I 1 , I 1b , I 2n ͒, two material models ͑see Sec. II B͒, six deformation scenarios ͑see Sec. II C͒, two deformation magnitudes ͑common, large͒, six registration types ͑rigid, affine, s60, s40, s20, s10, m10, m5; see Table I͒ and two volume-preserving weight values ͑ ͕0 , 0.8͖͒. The TRE sample quantities for the whole breast were most sensitive to the deformation scenario followed by the deformation magnitude or the registration type; see Table II . Registration errors for the enhancing lesions were mostly influenced by the type of source image and the patient, while the material model had the least influence.
Registrations which included the image content outside the FEM mesh were best aligned when decreasing the weights of the optimal registration strategies by 0.1, i.e., 40 mm single-resolution FFD registration with ͓0 , 0.7͔ and 20 mm single-resolution FFD registration with ͓0.6, 0.7͔.
D. Analysis of registration error
We studied the influence of the image enhancement on TRE by registering three types of source images ͑I 1 : original precontrast image, I 1b : simulated precontrast image, I 2n : postcontrast image with added noise͒ to the FEM deformed postcontrast image ͑I F ͒. The average registration errors for these image pairs are depicted in Fig. 10 . Images which differed initially only by noise ͑I 2n ͒ were best aligned with FFD registrations of 20 mm or finer control point spacing, with maximum errors for the whole breast being more effectively reduced by the more flexible registrations ͑more degrees of freedom, =0͒. The introduction of image intensity changes due to contrast agent ͑within the whole breast region for I 1 and within the region of the enhancing lesion for I 1b ͒ caused a substantial error increase for these registrations. Volume preservation ͑ = 0.8͒ lessened this tendency. Figures 11͑a͒ and 11͑b͒ show the spatial distribution of the mean TRE for the 12 FEM simulations of patient 5. Increased TREs because of image intensity changes can be observed ͓Fig. 11͑a͔͒ for the most flexible registration configuration ͑5 mm multi-resolution FFDs with =0͒. Problems with adapting to local sharp deformations at the skin surface can be observed for the configuration achieving the lowest TREs for the whole breast tissue ͓Fig. 11͑b͔͒. A tendency of the more flexible registrations to shrink the region of the enhancing lesion is illustrated in Fig. 11͑c͒ . Coarser control point spacing and penalizing volume changes prohibited this tendency ͓Fig. 11͑d͔͒.
E. Qualitative assessment
Two radiologists independently ranked the visual appearance of the difference images after randomly applying three methods ͑no registration, rigid registration, 20 mm singleresolution FFD registration with = 0.7͒ to the pre-and postcontrast image pairs of 58 breasts. The three methods achieved a mean rank of 2.59 ͑2.65͒, 2.22 ͑2.13͒, and 1.19 ͑1.22͒ for observer 1 ͑2͒, where rank 1 ͑3͒ was assigned to the best ͑worst͒ visual appearance. Mean ranks were used in the case of ties. The ranking of the two radiologists was well correlated ͑Spearman correlation coefficient= 0.79͒. Nonrigid image registration significantly ͑p Ͻ 0.01͒ improved the visual appearance of the difference images and was significantly ͑p Ͻ 0.01͒ better than the rigid registration; see Table  III . The absolute volume change of the affected enhancing lesions due to the nonrigid registration was small ͑mean = 0.76%, 95th percentile= 2.00%͒.
F. Computational costs
Best registrations were obtained most rapidly with 40 mm single-resolution FFD configurations where results were obtained on average within 26 min on a 1.8 GHz Athlon processor with 1 GB 1.33 MHz SD RAM memory. Twenty mm single-resolution FFD registration required on average 1 h 21 min.
IV. CONCLUSIONS
We have presented an evaluation study for a set of nonrigid registration strategies for the intravisit registration of dynamic contrast-enhanced MR breast images. The assessment was based on simulating biomechanically plausible breast deformations as a practical gold standard. First, we selected image pairs of ten patients where no motion between pre-and postcontrast image was visible. Second, we generated 12 plausible deformations for each patient employing a configuration of the biomechanical breast model which was previously determined as suitable. Third, we identified the optimal registration protocols using a training set which included all simulated deformations of five of the patients. Finally, we established the registration accuracy of these optimal registration strategies for similar deformations on a test set consisting of deformations for the other five patients. Furthermore, we assessed the sensitivity of the results to various Table I͒ . Registration results are summarized by the average of the mean target registration errors ͑TREs͒ ͑bars͒, the average of the 95th percentile TREs ͑lines͒ and the average of the maximum TREs ͑symbols͒ for all cases from the training set. Results were obtained for the whole breast tissue ͑top͒ and for the enhancing lesion ͑bottom͒.
FIG. 11.
Example slices of mean target registration error ͑TRE͒ and local volume change for three types of source images of patient 5 as described in Fig. 5 . ͑a͒, ͑b͒ spatial distribution of mean TRE for all 12 registrations for this patient ͑black: TRE= 0 mm, white: TREՆ 1.5 mm͒ after ͑a͒ 5 mm multi-resolution FFD registration without constraining for volume preservation ͑ =0, m50͒; ͑b͒ 20 mm single-resolution FFD registration with = 0.8 ͑s200.8͒; ͑c͒, ͑d͒ average of local volume changes ͑dV͒ of all 12 registrations for this patient from dV Յ −10% ͑black͒ to dV Ն 10% ͑white͒ after ͑c͒ m50 and ͑d͒ s200. 8. factors and studied the influence of the image enhancement on the registration errors. Additionally, the applicability of one of the optimal registration configuration to images with real motion artifacts was demonstrated.
We observed that two components mainly contributed to the registration errors, namely image intensity changes due to the contrast agent, and severe deformations. Registrations which permitted very flexible transformations ͑free-form deformations with small control point spacing and a weak volume preservation constraint͒ compensated well for severe deformations, yet errors increased in regions influenced by changes in image intensity. Restricting the registration by increasing the control point spacing or by promoting volume preservation provided better alignment of the enhancing lesion but worsened adaption to severe deformations. The optimal registration strategies for both regions of interest were 40 mm single-resolution FFD registration with ͓0 , 0.8͔ and 20 mm single-resolution with ͓0.7, 0.8͔. These strategies achieved on average expected mean ͑95th percentile͒ errors of 0.45 mm ͑1.10 mm͒ for the whole breast tissue and 0.32 mm ͑0.46 mm͒ for the enhancing lesion. The best results were obtained most rapidly in 26 min with the 40 mm registrations, while the 20 mm configuration was better suited for larger and more severe deformations.
The visual appearance of the difference images with real motion artifacts was significantly improved by 20 mm single-resolution FFD registration with = 0.7 in comparison to rigid registration, without introducing substantial volume changes.
Volume preservation was more important for registrations with finer control point spacing. The optimal volume preserving weight values were between 0.7 and 0.9 for most FFD registration configurations. Registrations which included the image content outside the FEM mesh were best aligned when decreasing these optimal weights by 0.1. The exact optimal weight value for volume preservation is unlikely to be directly applicable to other registration configurations or implementations. Anatomically, volume is ͑within a certain tolerance͒ locally conserved within the breast during MR mammography. In contrast, the employed regularization penalized average local volume change. Thus, registration may improve if volume can be preserved locally without causing early convergence ͑locking͒.
The FEM and FFD transformations are related in the sense that both are defined by a finite number of displacement vectors. They differ substantially, however, due to the number and position of these displacement vectors and due to their interpolation functions. 48 Even a perfect registration, where the FFD parameters are optimized to minimize the TRE with regard to a known FEM transformation, will therefore have a residual error. This optimal residual error will be lower for transformations with more degrees of freedom. We clearly observed such an error decrease for maximum registration errors of the whole breast tissue for images which differed outside the enhancing lesion only by noise. Otherwise, however, the opposite happened, although the FEM transformations had on average over 7 times more degrees of freedom than the most flexible registration tested in this study. 49 This indicates that limited image content and change in image contrast rather than bias or simplicity of the biomechanical breast models have caused this effect.
The role of the biomechanical breast models for the evaluation was to simulate breast deformations which are likely to occur during DCE MR mammography rather than predict accurately the deformation of a specific patient. This requires a plausible elastic breast model and plausible deformation scenarios. The breast model configuration was chosen according to its ability to predict the position of internal landmarks for 20% in vivo breast compressions. The selected linear model achieved a mean accuracy of 2.1 mm and performed as well as nonlinear hyperelastic models employing a finite strain formulation. 28 Furthermore, registration results were least sensitive to the choice of material model. We have taken care not to use the same interpolation function as employed by the registration to reduce the risk of bias. Sliding breast tissue components were, however, not modeled. Increased registration errors can be expected at such sliding interfaces due to the continuous nature of the transformation models used in the registrations. The simulated breast deformations included localized, smooth, and severe deforma-TABLE III. Results of ranking the visual appearance of the difference images after no registration, rigid registration, and nonrigid registration ͑20 mm FFD registration with = 0.7͒ for 58 breasts. Statistical significance was tested using Friedman two-way analysis of variance on ranks for multiple comparisons. tions. The most unlikely of these deformations during DCE MR mammography were point puncture and two-sided contact. Yet, the optimal registration strategies yielded similar results whether these scenarios were excluded or not. The simulated displacement magnitudes reflect that we concentrated on assessing the registration performance for breast deformations and not for major global patient repositioning. While we have shown that the registration algorithm has very general applicability, the specific results presented here are only valid for the described breast DCE MR image protocol. In this study, we registered the precontrast image to the deformed second postcontrast image. The use of other image pairs from the dynamic series may result in different optimal registration strategies due to altered enhancement patterns. Similarly, our conclusions may not apply to other types of registration, e.g., other organs or without contrast change.
Method
Our evaluation was based on five patients for the training set and five patients for the test set due to the relatively small number of image pairs without detectable motion. We obtained the same optimal registration configurations and similar evaluation results when exchanging the training and the test set. This robustness is in contrast to the strong influence that individual patients had on the registration error for the enhancing lesion. This indicates that we have captured the range of breast compositions across the population and that our main results should be generally applicable.
The availability of plausible breast deformations not only provided a means to optimize and evaluate the FFD registration, but also to gain insight into the registration problem, which will help in developing better registration approaches for contrast-enhanced images in general. For example, this study indicated that the difference in image intensity due to contrast agent caused the accuracy to degrade as the control point spacing was reduced. This problem was mainly caused by the ability of flexible registrations to deform the image locally and by the improvement of the image similarity measure when altering the enhanced lesion. Such an effect is likely to hold in general when registering contrast-enhanced image pairs with algorithms of similar flexibility and optimization objectives. Note that this problem cannot be detected by visual inspection only, since the true pattern of contrast change is unknown.
The intensity changes due to the injection of contrast agent are theoretically best reflected by pharmacokinetic models. However, model fitting within the unenhanced image regions was reported as problematic, 16 and the low temporal image resolution prevents the use of sophisticated models. Adjusting the precontrast image intensity according to the segmented tissue type 25 will improve the registration for the wash-in phase but not for the wash-out.
A subset of the data has been used to assess the accuracy of a fluid-based registration method for unenhanced MR image pairs and has been reported elsewhere. 31 This fluid-based registration method performed slightly worse than a 20 mm single-resolution FFD registration, which was not constrained to preserve volume since the images were not contrast-enhanced. Registration methods from other groups have not yet been assessed with this dataset, but other groups are welcome to contact us regarding the use of these datasets for evaluation. This evaluation study is an important step towards making the registration techniques applicable for routine clinical use. In future work, we will assess whether the most accurate registration strategies can improve the accuracy of classifying DCE MR breast lesions. 47 Young's modulus E measures the stiffness of a material and is defined by the rate of change in stress with strain e, i.e. E = d / de.
48
Piecewise quadratic interpolation of irregularly sized 10-noded tetrahedral FEM elements vs C 2 continuous B-spline approximation of equally sized 8-noded hexahedral elements. 49 FEM meshes consisted on average of 95 133 mesh nodes. Breast regions were on average under the influence of 13 095 control points for 5 mm multi-resolution FFD registrations. Each mesh node and control point had three degrees of freedom.
